Abstract-In this research we propose a new approach of constructing Wi-Fi fingerprints database using Chebyshev wavelet functions. Proposed algorithm combines the reference data collection procedure with path-loss prediction. Our algorithm requires only a few samples to be collected in a given region, and thus significantly reduces the calibration time. Next, the collected reference samples are used to construct area specific path-loss prediction function using Chebyshev wavelets. Once we have the path-loss function, we can predict the signal strength values at any point of the target area. One of the advantages of proposed algorithm is that it does not require any detailed information about target area, i.e. location of wireless access points, number of walls (floors, obstructions) between the transmitter and reference points and etc.
I. INTRODUCTION
With the rapid development of wireless technologies and advent of greater mobility, a significant need for localization has emerged. This is true not only for automotive applications, but also for personal purposes, thus leading to the necessity of having a technical solution for accurate wireless geolocation. The positioning of mobile users is highly desirable for many location-based services, such as emergency, healthcare, logistics, entertainment, traffic management, and so on [1] - [3] . Different physical requirements of the indoor environments need alternative systems to provide accurate location information. Various technologies have been suggested as a base for indoor positioning systems (IPS), such as Bluetooth and Infrared, Ultra-Wideband and Ultrasonic technologies [4] - [7] . On the other hand, most of these systems are difficult to deploy because of high-complexity and necessity of building new network infrastructures. Thus, IEEE 802.11 based WLAN (WiFi) can be a good option for indoor positioning systems due to its wide-range deployment in urban areas and the growing number of mobile gadgets equipped with Wi-Fi chipsets.
Wi-Fi signal fingerprinting [8] is a popular location estimation technology for Wi-Fi based indoor positioning systems. The position of mobile users is estimated by matching received signal strength (RSSI) pattern with prerecorded radio map. Although, the fingerprinting is being heavily used by most of the commercially successful indoor positioning systems (Google maps, Apple maps, Ekahau and etc.) its main drawback is the extensive and time-consuming calibration (training) phase. During the calibration the signal strength measurements from nearby wireless access points are gathered at pre-defined reference spots and stored in a database to build a radio map of the region. This procedure carried out manually and it requires tremendous time and efforts to collect signal strength samples for the target area [9] . Since the signal strength depends on site-specific parameters, a newly built database (DB) may no longer be valid if there are major changes in the target site. As a result, large-scale deployments of indoor positioning systems become non-trivial.
Several studies have been conducted to solve the calibration issue and make IPS more effective and practical. Gaalagher et.al. [10] , proposes a crowd sourcing system, which encourages users to update system database by pinpointing correct location upon receiving error position. This system applies input filtering to eliminate erroneous input, which is a crucial factor to determine whether the accuracy of the database can be preserved. Park et.al. [11] , proposes organic positioning system, which similarly proposes to prompt user to input correct location if an error occurred. Gunawan et.al. [12] proposed a new approach to generate a fingerprint DB using medium range RFID tags pre-deployed in target area. RSSI signal are collected by building personnel equipped with RFID reader and Wi-Fi scanner during the area survey for purposes other than fingerprint collection (such as security guard who regularly patrols the whole building). To reduce calibration time, several studies have proposed propagation models that effectively predict signal strengths [13] . Main problems of conventional path-loss prediction algorithms are their low prediction accuracy in indoors and pre-required layout information including the number of walls, floors and most importantly the physical location of APs. This information is often unavailable, due to various reasons.
In this research we propose a new approach of constructing RSSI fingerprints database using Chebyshev wavelet functions. The conventional method for collecting RSSI fingerprint DB is very straightforward. An operator with wireless handheld device makes RSSI measurements at several reference points, and after some processing the data is stored in the database. Location accuracy highly depends on the number of reference points, and for an average building the number of reference points may reach up to several hundred per floor. In this manuscript, we present a new, precise and time efficient algorithm that combines the reference data collection procedure with RSSI prediction using Chebyshev wavelets. In recent years, wavelets received considerable attention by researchers in different fields of science and engineering. The main characteristics of wavelet functions the ability to perform local analysis. Wavelet analysis is able to reveal signal aspects that other methods are missing, such as trends, breakdown points, discontinuities, etc. One of the most important advantages of the Chebyshev wavelets is the good representation of piecewise functions [14] .
We carefully evaluated the proposed algorithm through real-world experiments in one of the largest shopping malls in Malaysia (Mines Shopping Mall). Both, field tests in real WLAN environment and computer simulations, demonstrated the usefulness of the system and significant reduction in calibration time.
II. PROPOSED METHOD
Our proposed RSSI DB construction process is a two-step procedure: reference samples collection and RSSI estimation using Chebyshev wavelets. Our aim is to reduce the calibration efforts by collecting smallest number of samples, and filling the missing samples with the estimated RSSI values.
A. Reference data collection
First step of our proposed calibration algorithm is similar to that of conventional calibration procedures, with the only difference being that our algorithm requires less number of measurements for a given area. We start by dividing the target area into multiple paths, which are used by people to navigate the building. For this step we will consider one dimensional Chebyshev functions, and as a result we will be constructing path-loss prediction functions specific for each path. Next we choose several reference points along each path, and we measure their signal strengths with respect to individual APs. Distance between consecutive reference points is chosen based on indoor positioning system accuracy requirements (i.e. shorter the better). One of the advantages of Chebyshev wavelet is that distances between neighboring points can be arbitrary.
B. RSSI prediction using Chebyshev wavelets
Once we collected the samples along the path we will proceed with RSSI prediction. First we divide the path into N intervals, and each interval is divided into M sub-intervals. Figure 1 shows the example of dividing a path into N = 3 intervals with M = 4 subintervals each. There are no specific requirements for selecting the values of N and M , however by conducting several experiments we found that best accuracy is achieved when the difference between N and M is minimized while maximizing the value of M . For example, for a path with 21 reference points (measurements) there are several options for N and M values: N = 2, M = 10; N = 4, M = 5; N = 5, M = 4 and N = 10, M = 2. Out of these options the best results were achieved when N = 4, M = 5. The matter of selecting optimal values of N and M will be discussed in our future publications.
Our path-loss estimation function looks as following:
where u nm are unknown coefficients and b nm (t) are Chebyshev wavelet functions [15] . On the interval [0, a) b nm (t) is defined as:
where n and m are the order of block-pulse functions N [16] and Chebyshev polynomials T m (T ), respectively. T m (T ) can be estimated as follows [15] :
In order to find the unknown parameter u nm , we use the measured RSSI values of signal function u(t) at the points
where a ij are measured values of the unknown function u(t). We approximate the function u(t) by the function P N M (t) (1). To find the coefficients u nm in (1), we have to solve the following system of linear equations:
Since b nm (t ij ) = 0 when i = n, the system (2) takes the form:
By solving these equations we find the N (M + 1) unknowns u nm and substitute them into the equation (1) . Now, we can use the function P N M (t) to approximate the value of u(t) at any point t ∈ [0, a).
III. EXPERIMENTAL RESULTS
To evaluate our system we conducted real-life experiments on the 4th floor of the Mines Shopping mall located in Serdang, Malaysia. The layout of test area is shown in Fig. 2 . Measurements were done along the five paths with total length of over 600m (dash lines in the Fig. 2) . The WLANs infrastructure of the building included more than 250 APs, however only 20 APs with widest coverage and stable signal levels were chosen for performance evaluation. For RSSI sampling we used Aigo M60 tablets with custom sampling software. Total number of 682 measurement points was allocated with 1-1.2m interval. Next, at each measurement point we collected 20 RSSI samples for each detected AP. The final RSSI value for every measurement point was then averaged using the twenty observation data samples, and this value was stored in the database.
We evaluated the performance of proposed algorithm by increasing the distance between adjacent measurements, i.e. reducing the number of measurements. The cumulative distribution function (CDF) of the RSSI prediction accuracy is shown in Fig. 3 and the field test results are summarized in Table 1 . It can be observed that even with large distances between adjacent measurements, proposed algorithm can estimate the RSSI quiet accurately. Next we evaluate positioning accuracy of the proposed algorithm. We compared the proposed calibration algorithm with existing, measurement based algorithm. Figure  4 shows the mean positioning error for both. It can be observed that proposed model outperforms existing calibration algorithm while reducing the number of measurements significantly. In general we can conclude that proposed model provide different levels of location accuracy depending on system requirements. In areas where high precision is not required proposed model can significantly reduce the calibration time, thus making it possible to use WLAN based indoor positioning systems widely.
IV. CONCLUSION
In this study we presented a new way of constructing Wi-Fi signal strength database for indoor positioning systems using Chebyshev wavelet functions. In contrast to conventional calibration procedure, proposed method significantly reduces the time and effort required for fingerprint DB construction. Experimental results show that proposed method provides high level of path-loss prediction accuracy while maintaining a low computational complexity. Biggest advantage of the presented method is that it does not require any extra information about target area, such as location of wireless access points, distance and number of obstruction between the transmitter and receiver. Also for applications with high location accuracy requests, proposed algorithm can reduce the calibration time by two to four times in comparison with existing measurement based calibration algorithm. 
